Using a key station approach, statistical downscaling of monthly general circulation model outputs to monthly precipitation, evaporation, minimum temperature and maximum temperature at 17 observation stations located in Victoria, Australia was performed. Using the observations of each predictand, over the period 1950-2010, correlations among all stations were computed. For each predictand, the station which showed the highest number of correlations above 0.80 with other stations was selected as the first key station. The stations that were highly correlated with that key station were considered as the member stations of the first cluster. By employing this same procedure on the remaining stations, the next key station was found. This procedure was performed until all stations were segregated into clusters. Thereafter, using the observations of each predictand, regression equations (inter-station regression relationships) were developed between the key stations and the member stations for each calendar month. The downscaling models at the key stations were developed using reanalysis data as inputs to them. The outputs of HadCM3 pertaining to A2 emission scenario were introduced to these downscaling models to produce projections of the predictands over the period 2000-2099. Then the outputs of these downscaling models were introduced to the inter-station regression relationships to produce projections of predictands at all member stations.
INTRODUCTION
Climate change due to rising concentrations of atmospheric greenhouse gases (GHG) (Wilks ) is a major issue in the present world. It is believed that the spatio-temporal changes in precipitation pattern, increase in the intensity and frequency of extreme precipitation events, rise in the global temperature, and heat waves are some of the consequences of the increasing concentrations of GHG in the atmosphere (Nicholls ) . It is believed that the climate of earth will continue to change in the future (Hundecha & Bardossy ) . The study of the impact of changing climate on water resources is of great importance, particularly at the catchment scale, as water is essential for the existence of life.
General circulation models (GCMs) are the most widely used tools for projection of global climate into the future (Anandhi et al. ) , considering the GHG concentrations in the atmosphere. GCMs are based on the physics of the atmosphere, and they employ various assumptions and approximations to simplify the naturally complex atmosphere in modelling (Sachindra et al. ) . However, due to the coarse spatial resolution of the GCM outputs, they cannot be used directly in catchment scale studies which need climatic data at finer spatial resolutions (Jeong et al. fine resolution hydroclimatic variables at the catchment scale. There are two broad classes of downscaling methods in use: (1) dynamic downscaling and (2) statistical downscaling (Wilby & Dawson ; Liu et al. ) .
Dynamic downscaling involves the introduction of boundary and initial conditions obtained from a GCM to a regional climate model (RCM) (Murphy ) . RCMs are also atmospheric physics based models capable of producing their outputs at spatial resolutions finer than the outputs of GCMs. Dynamic downscaling techniques produce spatially continuous projections of climatic variables, while maintaining their correlations over space (Maurer & Hidalgo ). The major issue with dynamic downscaling techniques is the high computational costs and the long simulation time involved in their implementation.
In statistical downscaling, mathematical relationships are first developed between the GCM outputs and the catchment scale hydroclimatic variable of interest using the data of past climate. Then these relationships are used in downscaling GCM outputs pertaining to future climate. Therefore, all statistical downscaling techniques assume that the relationships developed between the GCM outputs and catchment scale hydroclimatic variable using the data of past climate will remain the same in scale GCM outputs to daily precipitation at multiple stations in the UK. However, the multi-site downscaling methods employed in the past were of a high degree of complexity. Gupta () stated that a short streamflow data set at a station can be lengthened by using a linear regression equation fitted between the data of that station and data of another station, which has a long record of data and also displays a high correlation with the former station. Anandhi at some other stations in the study area is identified. This station is referred to as the key station. Thereafter, regression relationships are developed between the key station and the other stations which are correlated with the key station, using observed data. A statistical downscaling model is then developed for the key station. The outputs of this downscaling model are used in the regression relationships developed between the key station and the other stations, to produce the values of the predictand at the other stations.
In this study, the aforementioned key station approach was employed in order to determine the values of monthly precipitation, evaporation, minimum and maximum temperature at multiple stations in an area, using the outputs of the downscaling models developed at a few key stations.
Precipitation is the predominant factor which determines the amount of water available in a catchment, while evaporation is a key process which governs the loss of water from a catchment. Temperature is directly influential on the rate of evaporation. Therefore precipitation, evaporation and temperature are three climatic variables which largely influence the water resources in a catchment. Hence, the study of the variations of these three climatic variables under changing climate in the future is immensely helpful in determining the availability of surface water resources in a catchment.
The operational area of Grampians Wimmera Mallee
Water Cooperation in the north western region of Victoria,
Australia was selected as the study area to demonstrate the key station approach employed in this study. This area is sensitive to severe droughts (Barton et al. ) , therefore reliable information on the likely future water availability is quite important.
The one assumption of the key station approach is that the observed cross-correlation structure among the stations in the past climate for a certain climate variable is also valid for the climatic projections produced into the future.
However, for the successful implementation of the key station approach, the correlations between the observations of the predictand of interest at the key station and the corresponding observations at the other stations in the study area should be high. If the above condition is satisfied, the key station approach can be used effectively over any geographic region. If the cross-correlations are low, the relationships between the key station and the other stations become weaker. Furthermore, in the key station approach, downscaling models are only developed at the key stations.
Hence, it avoids the need of selecting predictors, developing downscaling models and correction of bias (described in detail later in this paper) for each individual station in the study area. The innovation of the key station approach is associated with the effective yet simple clustering algorithm which assigns stations into clusters based on the similarity of characteristics of the hydroclimatic variable of interest.
The next section of this paper provides the details of the study area and the data used in this research, followed by a section explaining the generic methodology. The application of the generic methodology to the study area is detailed in the following section, together with the results of the application. The final section provides the broad conclusions derived from this study.
STUDY AREA AND DATA
For the case study, monthly precipitation, evaporation, minimum temperature and maximum temperature measured at 17 stations were used. These stations were located within the operational area of Grampians Wimmera Mallee Water Cooperation (GWMWater) (www.gwmwater.org.au) in north-western Victoria, Australia. The operational area of GWMWater is shown in Figure 1 and is about 62,000 km 2 in extent. 
GENERIC METHODOLOGY
The procedure for application of the key station approach used in this study is shown in brief in the flow chart provided in Figure 2 . The steps shown in Figure 2 are described in detail later. This multi-station downscaling approach relies on the downscaling models at the key stations and the regression relationships between the key stations and the member stations. Therefore, identification of key stations, clusters, member stations and development of regression relationships between the key stations and the member stations are major steps of this approach.
Identification of key stations and clusters
In this paper, a key station is defined as an observation station whose data for a specific climatic variable (e.g. monthly precipitation) are highly correlated with those of a set of other observation stations in the same study area.
The key station and the other observation stations with those at other stations in the study area was identified.
This station was the key station and the other stations which were highly correlated with it were the member stations of the cluster, for the climatic variable considered.
If one such key station for the whole study area cannot be found, then multiple key stations for the study area were identified. In such a case, first, a threshold value of 0.80 was imposed on the correlation matrix of a climatic variable of interest. Note that the threshold value of 0.80 refers only to the magnitude of the correlation. Once the threshold value was imposed on the correlation matrix, the station which has the highest number of correlations above the threshold with other stations was selected as the first key station, and the stations which showed high correlation with this station were considered as the members of the first cluster. When multiple stations showed the same number of stations with which they have correlations above 0.80, any such station was selected as the first key station. Thereafter, the same procedure which was used in identifying the first key station was applied on the correlation matrix which included only the stations which were not included in the first cluster. In this manner, the second key station and the member stations of the second cluster were identified. This procedure was repeated until all stations are assigned to clusters. Also, the different clusters should be as uncorrelated as possible. Clusters and key stations were identified for each variable considered in this study separately. If there is any station which does not display a correlation above the threshold with any other station, that station should be treated as a solitary key station (not any member stations in the cluster).
The magnitude of the correlation threshold can be changed based on the correlations in the matrix. However, if the correlations among the stations for a certain predictand were relatively low, the advantage of application of the key station approach becomes limited. This is because low correlations refer to poor linear associations between a predictand at the key station and that at the member stations in the cluster. These poor linear associations will cause the regression relationships built between a predictand at a key station and that at member stations to be less effective.
Relationships between key stations and member stations in clusters
Once the key stations were identified, simple linear regression relationships were developed for each predictand between the key station and the member stations, using the observations. This was done for each cluster and for each calendar month separately. In this paper, these relationships are referred to as inter-station regression relationships. The first two-thirds of the observations at the key and the member stations were used to This was performed to analyse the performances of the downscaling models in reproducing the past observations when these were run with the GCM outputs pertaining to the past climate. It was an important investigation as the downscaling models have been developed with better quality reanalysis data for the past climate, and for the projection of climate into the future they will be used with GCM outputs which are associated with greater uncertainties. If any bias was seen in the outputs of the downscaling models when run with the 20C3M outputs of the GCM, a correction to bias was applied.
In this study, the monthly bias-correction (Johnson & Sharma ) was applied on the outputs of the downscaling models (e.g. precipitation) produced with the 20C3M outputs of the GCM. The monthly bias-correction is based on the assumption that the bias in the mean and the standard deviation of the outputs of the downscaling models (with respect to past observations) for the past climate will remain the same in the future (Johnson & Sharma ) .
The procedure for the application of the monthly bias-correction is described below. 
Projections into future
In order to produce catchment scale projections of the predictands into the future, GCM outputs pertaining to the future climate were obtained. Then these were standardised with the means and the standard deviations of the reanalysis data corresponding to the calibration phase of the downscaling models. These standardised GCM outputs were introduced to the downscaling models developed at key stations for producing the projections of predictands into the future. In the same way as the bias-correction was validated (refer to 'Reproduction of past climate at key stations and bias-correction' above), it was applied to the projections produced into the future by the downscaling models developed at the key stations. Using the inter-station regression relationships, the projections produced into the future at key stations were extended to the member stations.
APPLICATION
The generic methodology described above under 'Generic methodology' was applied to downscale monthly GCM outputs to precipitation, evaporation, minimum temperature and maximum temperature at 17 stations (see Table 1 ) located in the operational area of GWMWater (see Figure 1 ).
Identification of key stations and clusters
Key stations and clusters for precipitation was identified as the only member station of the third cluster.
It was understood that the key station approach was able to segregate the precipitation observation stations in the study area into a number of clusters, depending on the spatial correlation structures seen in the past precipitation observations.
The stations in different clusters were least correlated with each other. This allowed the maintenance of adequate independence between the stations in different clusters. Figure 3 shows the key stations, member stations and the clusters delineated over the study area for monthly precipitation.
Key stations and clusters for evaporation, minimum temperature and maximum temperature
In the same manner as for monthly precipitation, correlation matrices for the monthly observed evaporation, minimum temperature and maximum temperature were also calculated for the period 1950-2010 (not shown in the paper). It was seen that the correlations among stations for monthly evaporation, minimum and maximum temperature were much higher than those for monthly precipitation.
The minimum correlation among the 17 stations for evaporation, which was about 0.94, was seen between stations 90173 and 76047, as these two stations are located in two different climatic zones and are separated by a large distance. The lowest correlations for both minimum temperature and maximum temperature were seen between the stations 90173 and 77042, which were 0.96 and 0.98, respectively. These two stations are located far apart from each other (see Figure 4 ) in two distinctly different climatic zones (refer to 'Study area and data' above). Considering the very high correlations (higher than the correlation threshold of magnitude of 0.80) seen between the stations for evaporation, minimum temperature and maximum temperature, it was realised that any station in the study area can be regarded as a key station, for those climatic variables. Therefore, for evaporation, minimum temperature and maximum temperature, station 79046 (Wartook reservoir) was selected as the sole key station.
The rest of the stations were considered as the member stations of the cluster. Figure 4 shows the key station and the cluster for evaporation, minimum temperature and maximum temperature over the study area.
Relationships between key stations and member stations in clusters Relationships between key stations and member stations for precipitation Table 3 shows the statistics of the calibration and validation seasons, were seen at station 79074 (Halls Gap post office).
This was due to the very high correlation (0.95 in Table 2) which prevailed between the observed precipitation at the key station of cluster 1 (79046) and that at station 79074.
Also, these stations were located geographically close to each other (see Figure 3 ). In cluster 1, during the calibration phase, the lowest NSEs in summer, autumn and winter were seen at station 79079. In the calibration period in clusters 2 and 3, NSEs were relatively low in summer, and the highest NSEs in those clusters were seen in winter.
In the validation phase of the inter-station regression relationships for precipitation, despite some underpredictions in all seasons, the average of precipitation was well reproduced at all member stations in the three clusters.
During the same period, the standard deviation of the precipi- Considering the performances of the outputs of interstation regression relationships seen in their calibration and validation phases, it was realised that they are robust enough for satisfactory modelling of precipitation at the member stations.
Relationships between key stations and member stations for evaporation and temperature
At the majority of member stations, the NSEs for the calibration and validation phases of the inter-station regression relationships for evaporation, minimum temperature and maximum temperature were quite high in all four seasons (results not shown in the paper). It was realised that these high NSEs were due to the high correlations seen between the key station and member stations 
Atmospheric domain and predictor selection
As shown in Figure 5 , The probable predictors which were selected for the present study based on past literature and hydrology are shown in Table 4 .
Following the procedure described above under 'Atmospheric domain and predictor selection', potential predictors from the pool of probable predictors were extracted for each predictand at each key station for each calendar month. Downscaling models developed at key stations for precipitation
As stated above under 'Key stations and clusters for precipitation', three key stations were identified for precipitation. On the other hand, the scatter of the minimum temperature was almost even along the 45 W line in both the calibration and validation periods (see Figure 7 (c) and 7(d)).
Bias-correction of the outputs produced by downscaling models with 20C3M outputs of HadCM3 at key stations Table 6 shows the statistics of precipitation reproduced by the downscaling model developed at key station 79046 when it was run with the 20C3M As shown in Table 6 Avg, average of monthly precipitation in mm; Std, standard deviation of monthly precipitation in mm; Min, minimum of monthly precipitation in mm; Max, maximum of monthly precipitation in mm; NSE, Nash-Sutcliffe efficiency; Before B-C, before bias-correction; After B-C, after bias-correction. This was performed to compare the performances of the inter-site regression relationship (between the key station 79046 and the member station 89003) against the performances of the downscaling model developed at this member station in reproducing the observed precipitation. Table 7 shows the statistics of precipitation reproduced by the downscaling models at station 89003, and also the statistics of precipitation reproduced at station 89003 by applying the precipitation outputs of the downscaling model developed at key station 79046 on the inter-site regression relationship.
Note that both downscaling models at stations 89003 and 79046 were run with NCEP/NCAR reanalysis outputs as inputs, for this analysis.
As shown in In Table 8 the comparison of average of monthly precipitation, evaporation, minimum temperature and maximum temperature, for each season, over the period with that of observations of the period 1950-1989 is shown.
As seen in Table 8 , the average of the monthly precipitation showed a decline in summer and spring at the According to Table 8 , the average of the monthly evaporation displayed a rise in all seasons, at all stations, over the period 2000-2099, in comparison with that of observations of the period 1950-1989. This implies that in the future, throughout the study area, the loss of water into the atmosphere due to evaporation will tend to increase. In the period 2000-2099, the standard deviation of the monthly evaporation showed a rise in summer, autumn and spring at the majority of stations. In all four seasons, the maximum of the monthly evaporation indicated an increase at the majority of stations in the period 2000-2099.
At all stations, the average (see Table 8 ) and the standard deviation of the monthly minimum temperature displayed a rise over the period 2000-2099, with respect to those statistics of the observations of the minimum temperature of the period 1950-1989. However, the increase in the average of the monthly minimum temperature in summer was negligible at all stations. Except in summer, the minimum of the monthly minimum temperature also indicated a rise at the majority of stations.
According to Table 8, 
CONCLUSIONS
The following broad conclusions were drawn from this study:
1. The key station approach was proven to be a simple and yet effective methodology for downscaling GCM outputs to a predictand of interest at multiple stations concurrently. The key station approach is able to segregate the stations in a study area into separate clusters according to the spatial variations of the predictand of interest seen in the past observations. This enforces the maintenance of independence among stations in different clusters while preserving dependence structure among the station in individual clusters.
2. Nevertheless, for the effective application of the key station approach, the presence of high correlations (preferably magnitudes above 0.80 at p 0.05) among the observation stations (in a cluster) for the predictand of interest is a prerequisite. However, when the correlations between the stations for a predictand of interest are less strong (limited linear association), a non-linear regression technique can be used for developing effective inter-station regression relationships.
3. In the application of the key station approach, downscaling models are developed for the predictand of interest only at the key stations. Therefore, unlike downscaling at each individual station separately, in this approach the selection of potential predictors and the correction of bias have to be performed only at several stations.
4. When the bias is limited, the monthly bias-correction was found to be very effective in correcting the bias in the monthly mean and the standard deviation of a climatic variable (e.g. output of a GCM or downscaling model).
In monthly bias-correction, though no explicit measure is employed to correct the bias in the minimum and the maximum of a climatic variable, yet it is capable of effectively reducing the bias in the minimum and the maximum of the variable when the bias is limited. Therefore, monthly bias-correction is recommended for variables which show little bias in their statistics.
